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Abstract: Use of a multi-sensor approach can provide citizens a holistic insight in the air quality in
their immediate surroundings and assessment of personal exposure to urban stressors. Our work,
as part of the ICARUS H2020 project, which included over 600 participants from 7 European cities,
discusses data fusion and harmonization on a diverse set of multi-sensor data streams to provide a
comprehensive and understandable report for participants, and offers possible solutions and
improvements. Harmonizing the data streams identified issues with the used devices and protocols,
such as non-uniform timestamps, data gaps, difficult data retrieval from commercial devices, and
coarse activity data logging. Our process of data fusion and harmonization allowed us to automate
the process of generating visualizations and reports and consequently provide each participant with
a detailed individualized report. Results showed that a key solution was to streamline the code and
speed up the process, which necessitated certain compromises in visualizing the data. A thought-
out process of data fusion and harmonization on a diverse set of multi-sensor data streams
considerably improved the quality and quantity of data that a research participant receives. Though
automatization accelerated the production of the reports considerably, manual structured double
checks are strongly recommended.
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1. Introduction

Health impacts of poor air quality have become a central point of discussion
in policy development and in personal exposure studies [1]-[3]. A widening
selection of low-cost sensors (LCS) that measure environmental conditions allows
individuals to collect data about their own living environment and estimate their
exposure to different stressors [4]-[6]. Several issues remain regarding data loss,
bulkiness, design, power consumption, [7], unreliable and (unintentionally)
misleading data, lack of quality control, validation and calibration [8] and user
experience [9]. Providing meaningful information to individuals about their
environment and stressors present in their lives is in line with the United Nations
Sustainable Development Goals (SDGs), which call for participatory, integrated
and sustainable human settlement planning (Target 11.3 [10]), which can only be
achieved if the public is well informed. Several goals and targets in the SDGs are
assessed based on the “Mean urban air pollution of particulate matter (PM) of
different sizes” indicator [11]. Considering the usually low spatial resolution of
PM measurements at a city level and that they only sample outdoor air pollution,
the use of individual low-cost PM sensors could be useful in estimating human
exposure to PM.

Airborne particulate matter concentration is only one facet of air quality, and
when assessing the impact of air quality on human health, pollutants such as
nitrogen dioxide (NO2) [12], ozone (Os) [13] and volatile organic compounds
(VOC) [14], [15] should be considered. Carbon dioxide (CO:) is not considered a
pollutant, though elevated concentrations indoors can pose health risks [16].
Fusing data from different low-cost sensors has been employed in several cases,
when supplementing existing data sets from environmental monitoring networks
with high-resolution spatiotemporal measurements from LCS [17], [18], by using
mobile LCS for air quality mapping in combination with dispersion model
calculations [19] or by using stationary data with transport model results [20].

On the other hand, an increase of devices with very diverse input parameters
and data collection protocols poses some unique data fusion and visualization
challenges, including non-standard timestamps, data gaps, different
classifications, a multitude of data logging processes, etc. While LCS generally
provide a larger quantity of data, there is a lack of data on comparability from one
device to another. Steps can be taken to better comprehend this prior to using the
sensor, such as providing more metadata and insight into how data is recorded
and presented [21]. The reliability and accuracy of LCS can come into question
which necessitates a validation/calibration. This process it not standardized and
can vary from device to device. The results are usually presented using the
correlation coefficient, root mean square error and mean absolute error, which are
useful, but have to be accompanied with information regarding the conditions
under which the validation/calibration was performed [22], which can in turn
make the process of data fusion and visualization more straightforward.

To facilitate data fusion and visualization, where one of the goals is to provide
meaningful information to participants, there should be greater focus on assessing
the characteristics of the sensor itself, providing more context and associated
uncertainties (where available) [21]. A benefit of participatory approaches, where
citizens use LCS is the ability to gain additional (qualitative) information from the
user through interviews or surveys that could be implemented in their
smartphones [23] about specific environmental conditions or how the sensors
function and provide the data.
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Visualizing data for lay end-users requires a balance between providing the

largest amount of data in an understandable way to individuals who are not
accustomed to using plots and figures in their daily lives. Selecting the proper
type of visualization can have a meaningful impact on the perception of the end-
user and the information that they are able to extract [24], [25], and promote better
risk assessment and reduction of exposure by personal decision-making [26]. An
improvement, which is already being employed in some visualization efforts, is
to allow users to interact with the final data set and make their own adjustments
[27].
This work is a part of the Integrated Climate forcing and Air Pollution Reduction
in Urban Systems (ICARUS) H2020 project, which applied integrated tools and
strategies for urban impact assessment in support of air quality and climate
change governance [28], [29]. One of the central parts of the project was to develop
a methodology for estimating personal exposure using air quality sensors,
personal activity and GPS tracking. For this purpose, about 100 participants were
recruited in seven European cities — Ljubljana, Athens, Thessaloniki, Brno,
Milano, Madrid and Basel each, and providing them with all the tools to collect
the necessary data [30], [31]. For this, an algorithm was developed that would
clean, fuse and visualize the collected data and present it to the participants
within a straightforward and understandable report. This “final report” for the
participants was automatically generated in the respective local language, and
included as much data as possible without making the report too long and
complicated. The report aimed to give the participant enough details for them to
discern relevant information related to air quality, about their living environment,
and their behaviour to eventually promote more environmental conscious
lifestyles.

Addressing the above-mentioned challenges, the objectives of this study are
to provide information on:

- collecting multi-sensor and multi-parameter data flows,

- aggregation and visualization of data,

- compilation and communication of final report for the participants,

- lessons learnt from this data fusion exercise and recommendations for
future studies.

2. Materials and Methods

Input data for data fusion and visualization was obtained from three sensor
devices and other data points collected through questionnaires for households
and individuals, and Time Activity Diaries (TADs) used within the ICARUS
campaign. Two of the sensor devices were commercial: a Smart Activity Tracker
(SAT) and an Indoor Air Quality (IAQ) sensing station. The third one was
specifically constructed for the purposes of the research project, using the
Arduino platform. A schematic representation of the devices and protocols used
is shown in Figure 1. A detailed description of the campaign and its goals can be
found in Robinson et al. [32]. All data cleaning, harmonization, fusion,
visualization, and report compilation and output were done in R [33] with
support from different R packages, e.g., ggplot2 [34], dplyr [35], knitr [36],
rmarkdown [37] and others.
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Figure 1: Schematic representation of data collection devices and protocols, transfer paths,
aggregation, visualization and delivery protocols

2.1. PPM data

The Personal Particulate Matter (PPM) sensing device was designed and
compiled for the purposes of the sampling campaign of the ICARUS project [38].
Apart from providing PM concentration data in three class sizes (<1 um (PMa),
<2.5 um (PMz2s), and <10 pm (PMu)), it also provided ambient temperature and
relative humidity data, and GPS/location coordinates (including speed and
altitude). As the device did not have a Real-time clock (RTC) module (e.g. [39]),
the timestamp was obtained by connecting it to an online server via a SIM card.
Without this connection, the device did not provide data with accurate
timestamps, which in turn produced several data gaps. Timestamp logging was
irregular and inconsistent as evident in an example of the data set in section A of
Supplementary Data (SD-A).

2.2. SAT data

A commercial SAT was used (Vivosmart 3, manufactured by Garmin [40]) to
collect heart rate and movement data. The device provided several data points
about physical activity and movement with minute resolution, e.g., average heart
rate, stress level, sleep status, calories burned, etc. As the export of data is not
freely available through the Garmin interface, an additional connection between
a dedicated ICARUS data portal and the Garmin Connect portal was established
to transfer the data. The SAT data had very few gaps (excluding the time while
the device was charging). Some issues were present when the user did not fasten
the belt tight enough, which in turn meant that the device could not record the
heart rate data.

These data were not separately visualized as the focus of this research was to
provide meaningful insight into the relationship between air quality and heart
rate/activity. To give a brief overview of the data a summary in the form of a table
was included in the final report.

2.3. IAQ data

A “uHoo Smart Indoor Air Quality sensor” (IAQ) [41], a stationary device with
multiple sensors, was used in every household. At every full minute, the IAQ
provided nine data points: temperature, relative humidity, CO», total VOCs
(TVOC), PM25, NOz, carbon monoxide (CO), ozone (Os) and air pressure.
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Visualization of AQ parameters measured by the IAQ was limited to three
parameters (COz, NO2 and TVOC) that showed the best performance during the
collocation experiments with validated devices, and other tests. As offsets were
observed for some sensors during these experiments, visualizing this specific
dataset was made using a heatmap, focusing on relative changes of each variable
over time. A heatmap, in this case, consists of tiles which are colored relatively to
all other tiles (lower values are lighter, higher values are darker), as implemented
in Mahajan, et al. [42]. Using minute values would create a heat-map with small
tiles, which would obscure the relative differences within a day. To counteract
this, hourly values were calculated and used in the heat-map, reducing the
number of tiles from ~10.000 to ~170.

2.4. ICARUS data portal

A dedicated data portal was constructed for the purposes of the ICARUS2020
project, and a Decision Support System (DSS) with it, which collected, compiled
and stored the data. The DSS additionally had a presentation tier with a user
interface and a logic tier that stored the computational models and handled their
execution [43]. In this study, the data portal was mainly utilized to store and
obtain the PPM and SAT data in a uniform format, which allowed further
manipulation and fusion of data.

2.5. TAD data

A key data input were the TADs, which allowed the participant to input their
activity, location, means of transport and other variables, for each hour of the day.
This data was collected from each participant, for seven days in two seasons, for
all cities, accumulating up to ~10.000 TADs.

There were two approaches to filling in the TADs, one was to select only one
option for each hour, the other was to allow participants to select multiple
options. The latter would seem as a more appropriate approach from a participant
standpoint, as individuals mostly perform several activities within an hour. This
posed a unique challenge in selecting which data point to use, which activity was
more relevant or more characteristic for each hour.

Some manual corrections of the data were necessary in the final stages when
it was observed that the participants filled in the wrong activity. As this
information was not double-checked with the participants, the corrected activities
were only the most obvious ones, e.g., checking if a non-smoking person truly
smoked in just one instance the entire period.

Because the data for activities was for hourly values and the sensor data had
minute resolution, the former was repeated 60 times for every hour, which proved
to be a major issue when calculating averages and trying to discern if there were
meaningful differences between activities [44]. However, the goal was to include
as much data as possible in the final dataset.

The TAD dataset was used in three visualizations, in combination with PPM
and SAT data:

a) A scatter plot was made for every PM size class and heart rate, for both
seasons. Additionally, the points were colored based on the activity at that
minute, which allowed the reader to observe what activities took place at, for
example, elevated levels of PM or elevated heart rate. Only the activities
which the participant filled in were shown in the legend.

b) A similar scatter plot as in a) was constructed, with an additional layer which
showed vertical bands or ribbons of different colors corresponding with the
participant’s location and transports. As this added another layer of
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complexity to the visualization, the decision was made to provide these plots
only to specific individuals who expressed interest. Though activity
information was missing in several TADs, the location and transport data was
logged for almost the entire period of observation (for most participants).
Consequently, participants could associate specific means of transport with
elevated levels of PM, and corresponding activities with higher heart rate.
c) The third plot showed the average weekly PM values for each activity. Six
plots were constructed, three per season, one for each PM size class.
TAD data was not used in combination with IAQ data due to higher
uncertainty associated with absolute values of CO, NOz and TVOC.

2.6. Final report compilation and production

The generation of final reports for participants was performed in three
phases:

a) Generation of plots as described in points 2.1. — 2.4., which was iterated over
all the participants. These plots were saved locally in a jpeg format and
labelled according to each participant ID.

b) They were integrated in a rmarkdown script which was constructed with
several parts that were specific for each participant. The customization of
each report was designated in an Excel file. Each participant had a custom
greeting with their name and gender appropriate pronoun. All the plots and
other graphics were inserted using the include_graphics function in the knitr
package.

c) Finally, the script was iterated over all participants in a separate script to
allow some further customizations. Some participants had additional
visualizations, while others had some omitted due to missing data. After all
the reports were generated in different languages, they were manually
checked for errors by local organizers in each participating city and
distributed to all the participants.

In addition to the technical construction and production of the final report, the

participants feedback and wishes for visualization were considered where

appropriate [45].

2.7. Temporal resolution and data treatment

Minute resolution of data was deemed as sufficient to provide enough detail
of PM concentrations and exposure. The SAT and IAQ also logged data with
minute resolution, though these logs were at every full minute, while the PPM
logged the measurements at different fractions of the minute. These were later
rounded to the nearest minute.

To compare the PM data with WHO guideline limits the minute resolution
data were aggregated to daily means. More uncertainty was associated with PM
daily means from the first and last day the participant was involved in the
campaign, as the participants did not collect data for the entire 24-hour period.

An outlier correction was made for the PM data, where all values above 180
ug/m? were converted to 180 pg/m?, based on the maximum values provided by
“Air quality in Europe” as part of CITEAIR and CITEAIR II projects [46]. This
approach was used only for visualizing the data and providing the final reports
to participants for clearer data representation. Some datapoints showed
uncharacteristically high concentrations of PM (>3000 pg/m?), which was deemed
as sensor error and subsequently corrected with the aforementioned procedure.
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The PPM showed good agreement of absolute values with a reference
research-grade device, a GRIMM Model 11-A, increasingly so with larger time
averaging intervals [38].

3. Results and discussion
3.1. A merged dataset

The final merged dataset had 93 columns. Due to sensor failures, data gaps,
incorrect TAD filling, etc., there were several instances of empty columns or in
some cases completely empty datasets. This was appropriately labelled in the
final reports.

SD-B presents an example of the final data set, with all the data harmonized
to I-minute resolution. Each data set includes
e specific characteristics for each participant (age and gender),

e PPM data (PM values, temperature, humidity, battery charge level, location
coordinates, speed and altitude),

e SAT data (where several columns proved to be somewhat redundant and
were therefore removed),

e JAQ data (which proved to be the most user-friendly as it had a correct
timestamp for each recorded value, almost no missing values and a simple
interface to download the data), and

e TAD data, presented the same way as they were recorded on the physical
paper sheets: location of the participant (home, office, indoor, outdoor),
transport data (bus, car, foot, etc.), indoor and outdoor activities (cooking,
smoking, sports, etc.) and some specific conditions for the indoor space the
participant was in (burning candle or fireplace, open windows and/or AC
turned on).

3.2. Visualizing the data

All the visualizations are presented and described here as they were shown
in the final report for participants and are collected from different reports.

Figure 2 shows temperature, relative humidity and air pressure during both
seasons (IAQ data). Meteorological data showed the highest accuracy when
compared to reference instruments and was in turn presented with absolute
values. Although the ribbons show “optimal conditions” as per the General health
and comfort guidelines (modified for the appropriate climate) [36], this
information is somewhat subjective and can differ from person to person. As
shown in the example in Figure 2, this person had very similar indoor
temperatures in both seasons, and even though the summer values are mostly
outside the “optimal zone”, one could argue that a constant temperature
throughout the year provides more comfort to certain individuals.

Arranging the individual plots in columns according to their season makes
comparisons between the seasons easier.
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Figure 2: Faceted plots with meteorological variables - temperature, relative humidity and air
pressure; data from IAQ

Figure 3 shows an example of the compiled visualizations of COz, NO: and
TVOC for this particular household. In our analysis these parameters have shown
to follow expected trends, e.g., decreased values of CO: when opening a window
and in turn increasing the NO: values if it was in a high traffic area [47], as seen
in Figure 3 on Tuesday, 19% of February 2019 at around 13:00 when CO:
concentrations quickly fell and NOz increased rapidly at the same time. The plots
allow an intuitive way of observing changes in these parameters, which can be
more relevant to each specific household. Collocation with a reference device has
shown that the absolute values of these parameters were not accurate enough to
present to participants at that time [48], though newer research shows moderate
to high correlation with reference instruments in laboratory conditions [49]. These
relative values still give participants an insight into their indoor air quality and
possible correlations with external factors such as traffic.

The setting of the visualization allows the reader to compare trends between
seasons and between pollutants. Mostly, the main conclusions can only be made
by the participant themselves, as only they know all the detailed activities and
conditions in their household. For example, higher TVOC values during the
evening and night could indicate poor ventilation in combination with a specific
activity that raises the concentrations, such as cooking or smoking [50]. By putting
these plots in the same figure, they can immediately observe the trends in the
other two parameters and come to some conclusions.

d0i:10.20944/preprints202109.0518.v1


https://doi.org/10.20944/preprints202109.0518.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 September 2021 d0i:10.20944/preprints202109.0518.v1

2019-02-16
Saturday

2019-02-17
Sunday

2019-02-18
Monday

2019-02-19
Tuesday

2019-02-20
Wednesday

2019-02-21
Thursday

2019-02-22
Friday

2019-02-23
Saturday

Each date is also labelled with a language specific day of the week to facilitate
better observation of specific trends.

WINTER SUMMER

2019-02-16

Saturday

2019-02-17

i Sunday
‘ 2019-02:18

| | Monday

2019-02-19

Tuesday

2019-02-20
Wednesday

2019-02-21
Thursday

2019-02-22
Friday

2019-02-23
Saturday

2019-02-16 2019-02-16
Saturday Saturday
2019-02-17 2019-02-17
Sunday Sunday
2019-02-18 2019-02-18
Monday ] o Monday
2019-02-19 2019-02-19
Tuesday Tuesday
2019-02.20 2019-02-20
Wednesday I Wednesday
2019-02-21 2019-02-21
Thursday Thursday
2019-02-22 .02.22 |
Friday 2019. é)r?dgg’
2019.02.23 2019:02:23
Saturday Saturday |
S S SR S R S S R N N T N R N NS T T R RN T TN SRS S S S R S T S R R S T N N S R S T T T RN RO Y
NEOROENROAOEOAVAOAOEOEOEOEOEOANEOAOENAOEOE RSN NMEUAVAOEOAOEOAVEOEOROEOEOEEOAOEOAVAOEOEOEOE AN
R R R R R R S R RS A B R A R S AR GRS
NO, jow high NO, 1ow high
2019-02-16 2019-02-16
Saturday Saturday
2019-02-17 2019-02-17 -.
Sunday Sunday
2019-02-18 2019-02-18 -I
Monday Monday
2019-02-19 2019-02-19
Tuesday Tuesday
2019-02-20 2019-02-20
Wednesday Wednesday
2019-02-21 2019-02-21
Thursday Thursday
2019-02-22 2019-02-22
Friday Friday
-02-; 2018-02-23
23802

R AR R R S S R S SR N 2

IOEOEEOANENS IS SN SN SISV N INSEN NI I NI NI I

- |
TVOC low high TVOC low high

Figure 3: Faceted heatmaps of three pollutants (COz, NOz, TVOC); data from IAQ

Figure 4 presents the PM concentrations, heart rate and designated activities
for each minute in the time-span the participants was involved in the data
collection. Shown here are only the specific activities, there is no additional
information about the location of the participant, their transport or specific
conditions in the household. Not including this information makes the
visualizations less crowded and more likely easily readable and understandable,
which was subsequently further explored in structured focus groups [45]. All the


https://doi.org/10.20944/preprints202109.0518.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 September 2021 d0i:10.20944/preprints202109.0518.v1

values are also plotted with exact concentrations, due to the fact that the PPM
device showed fairly accurate results compared to reference devices.

The participants could deduce by themselves some correlations and extra
information from the plots, e.g., higher heart rate when running, dips during the
night, a specific time of day when the PM concentrations are elevated and if they
are correlated with a specific activity like smoking or cooking, etc. Again, the
interpretation of the plots is mostly on the participants themselves, because they
have a more complete overview of their surrounding and activities at that exact
moment.

No particular difficulties were associated with constructing this visualization,
with the possible exception of some alterations to the color scale and legend to
also include the activities that the participant did not perform.
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Figure 4: Three size classes of PM (PM1, PM2s, PMio) and heart rate values for both seasons with
each point colored according to the associated activity; data from PPM, SAT and TAD

An additional figure was created to include location and transport of the
participants in addition to PM and activity values. As Figure 5 has more
information and would otherwise be illegible the plots were enlarged to be the
size of a whole A4 page.

Several difficulties were encountered while constructing these plots, as the
ribbons that show each activity had to have a start and end time to each
location/transport as every interval. Another approach was considered to only
include a vertical line at each minute in the color of the location/transport but it
considerably increased the time to produce each plot. As there were hundreds of
plots to construct, it was necessary to find a more time efficient process. An
additional section of code was implemented to construct a separate data frame
which had a start and end time with a label for each location/transport. This was
used in the ggplot2 geom_rect function while compiling the plot and noticeably
reduced the time it took to compile each plot.
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Figure 5: Three size classes of PM and heart rate values for both seasons with each point colored
according to the associated activity and each ribbon representing a location or means of transport
for that tie period; data from PPM, SAT and TAD

Figure 6 shows the daily average PM concentrations for both seasons and is
the only set of plots where guidelines or recommended values could be inserted.
The WHO and the EU do not have minute or hourly guidelines for concentrations
of PM, though studies show that short term exposure to elevated levels can have
adverse effects on health [51], [52]. The WHO does provide daily guidelines for
PM2s and PMuio, which are 25 ug/m?® and 50 pg/m?, respectively [53], revised in
2021 to 15 pg/m? and 45 ug/m?, respectively [54].

Mainly there are two important pieces of information in these plots, they
allow the participant to observe (1) the inter-seasonal differences and (2) the day-
to-day differences, while also having the information about a specific size class of
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PM. This mainly shows that the concentrations are generally higher in winter time
(more indoor activities, weather patterns that trap pollution in low-lying areas,
combustion of solid fuels, more use of car/buses in contrast with cycling/walking,
etc.), and even when there are elevated levels of PM during the summer, they are
still much lower than in winter time. The participant can also observe that some
particular days have elevated levels of PM which could be associated with some
specific activities performed that day (or weather patterns).
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Figure 6: Faceted plots of average daily concentrations of three size classes of PM for each season,
with WHO guidelines; data from PPM.
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Figure 7 presents two tables which show the average values for each SAT
variable for each day. No additional visualizations were made for the SAT data
(apart from the heart rate plots in Figure 4 and Figure 5). There were several
visualizations already available on the Garmin connect portal for each variable.

| Day| Steps | _Stress level | Average heart rate | Max heart rate | Sleep(h]| Kcal |
65 128 120

1 4922 NaN 0

2 11702 25 66 170 9 389
3 17683 43 69 163 5 346
4 10504 26 69 142 7 194
S 8481 22 67 131 7 158
6 10871 17 67 134 6 189
7 10589 22 67 138 5 185
8 1244 8 52 128 8 7

i

|
|
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mwmmawwé‘,

52

148
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20 60 144 172
16 70 132 312
28 73 163 488
14 63 118 407
25 69 154 592
26 74 159 443

Figure 7: Aggregated data from SAT

Figure 8 shows the average PM values for each activity that was indicated by
the participant in the TADs. There are certain shortcomings to this visualization
as it does not provide any data about the number of instances for each activity,
e.g., there can only be one hour of smoking in the entire week, but 50 hours of
sleeping. Although the caption under the plots clearly states that the empty
columns mean that there were no recorded instances of that specific activity, there
can still be some confusion where the reader could assume that the average
concentration is 0 pg/m?®.

Primarily this plot should communicate differences between the activities in
each respective reason. In the example provided in Figure 8, the PM values for
smoking are higher than all other activities during the summer season, but not
that different from all other activities during winter. A possible explanation
would be that there is less natural air circulation during the winter (opening
windows or doors), though there could be other explanations. This is another
prime example where the detailed information about their surroundings would
give the individual the most accurate assessment of what the source of the
elevated concentrations of PM could be.
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Figure 8: Faceted plots of average values of three size classes of PM (PM1, PM2s, PMo) for each
specific activity and each season; data from PPM and TAD

3.3. The final report

An example of the final report that was provided to all participants is shown
in section SD-C of the supplementary data. The report began with a personalized
greeting and a general description of the project and what were the contents of
the report. There were also disclaimers about the nature of the low-cost sensors
and the uncertainty associated with them. The next page was the “Section A” of
the report and had a more detailed description of the study, the devices and
approaches that were used and what specifically should the reader of the report
focus on. Following this was the “Section B” which described the household
conditions, focusing mainly on the data from the IAQ with Figure 2 and Figure 3,
accompanied with appropriate captions.

“Section C” contained the plots concerning personal exposure to air
pollutants, beginning with PM data, shown in Figure 4, Figure 5 and Figure 6.
Figure 5 was provided only to a handful of participants who had more recorded
data and requested a more thorough overview for the entire duration of their
involvement. The physical activity information, shown in Figure 7, was presented
next and accompanied with a more detailed description of each variable,
including some measures for low, average and elevated heart rate, to aid the
reader in their interpretation of the data. Figure 8, showing the average PM values
for each activity, was the last plot included, with a specific disclaimer that the
scales on the y-axis are free.


https://doi.org/10.20944/preprints202109.0518.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 September 2021 d0i:10.20944/preprints202109.0518.v1

Some general recommendations on “How to improve indoor air quality”
were provided at the end of each report together with two tables extracted from
the uHoo sensor device recommendations and descriptions [41].

3.4. Issues faced and recommendations for future studies

Several issues were encountered while compiling, cleaning and visualizing
the data collected from LCS. While the PPM proved to be the most accurate when
compared with a reference instrument, it also had the most issues regarding data
gaps and inconsistent time stamps. Two relatively small improvements to the
device would have made this issue much easier to deal with, due to the device
being independent of the GPRS signal: (a) installing a Real-time clock (RTC)
module which would provide consistent time stamps, and (b) larger internal
storage and buffer that would allow the device to record PM values without a
connection to the server. Several optimizations to reduce energy usage would be
possible, e.g., less frequent GPS recordings while stationary, option to only
upload the data when the device is charging, etc.

On the other hand, the IAQ had very consistent data streams, accurate time
stamps, and a very intuitive interface. Two improvements would make the device
function more independently: (a) a small internal storage for times when there
was no wi-fi signal, which would allow the device to store the data in an internal
buffer and upload it when the connection was re-established, and (b) possibly a
small battery to allow the device to function during power outages.

The SAT was very reliable, had an internal storage capacity for 14 days of
data and had a battery that lasted between 5 and 7 days. An improvement would
be to provide a way to observe if the data is being logged correctly. At certain
times, the device was not placed properly on the wrist or had some other errors
with data logging, which could be observed only at the end of the sampling
campaign. Though the SAT did provide a uniform data-set it had to be extracted
by a separate process in collaboration with the company that produced the device.
Accessing data from commercial devices proved to be somewhat complicated and
preconditioned on setting up exclusive deals with companies. Even when the deal
is set, the entire data retrieval process still relies on the company to cooperate. A
preferred way to collect data would be if the raw data streams were open and
access to them not preconditioned.

A key improvement for the TADs would be to allow more granular activity
logging during the day, e.g. every 15 minutes. TADs could also be somewhat
customized to different participants or days of the week, e.g., participants who
perform only one activity, such as work, during morning hours could have a
different TAD during workdays than during weekends. Hourly resolution of
TADs caused some issues when presenting and visualizing data for the
participants as the average values were skewed, due to the fact that most activities
do not have a duration of exactly one hour and mostly don’t start and end at full
hours. This meant that, for example, someone went for a run for 40 minutes and
after they got home, they lit a cigarette and smoked for a few minutes, but only
recorded “running” for that hour. Even though the person could have checked
both activities there would still be no information about in which part of that full
hour “smoking” and “running” occurred. Recording activities minute by minute
would be a heavy burden for participants, so future research should focus on
other solutions, such as complex activity recognition using machine learning,
smartphones or other tools [44], [55].
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Visualizing the data proved challenging at times and required unique
solutions. The main challenge in producing the plots in Figure 2 proved to be the
ribbon with “optimal values” which had to be referenced in a way that would
allow this value to be presented for each individual hour, while also enabling
faceting of the plots. Additional variables with minimum and maximum data for
each season were introduced, which shortened the script for the final construction
on the plots.

Several difficulties were encountered while constructing the plots in Figure
5, as the ribbons that show each activity had to have a start and end time to each
location/transport as every interval. Another approach was considered to only
include a vertical line at each minute in the color of the location/transport, but it
considerably increased the time to produce each plot. As there were hundreds of
plots to construct, it was necessary to find a more time efficient process. An
additional section of code was implemented to construct a separate data frame
which had a start and end time with a label for each location/transport. This was
used in the ggplot2 geom_rect function while compiling the plot and noticeably
reduced the time it took to compile each plot.

A rather easy, though important improvement for the plots in Figure 6 would
be to show specific dates and days of the week instead of the number of days since
the participant joined the sampling campaign. Participants do not always
remember which day they have started the campaign and would have to go back
to the IAQ figure to find out. As a significant amount of time can elapse between
the campaign and the distribution of reports to participants, it could be good for
future studies to always indicate in the figures the date and day of the week.

Figure 8 could be improved by indicating the number of instances for each
activity by coloring the bars according to a color scale reflecting the frequency of
activities or by changing the width of each bar accordingly. The activities without
data should be clearly marked with a symbol or a text. A requirement for a
minimal amount of data should be considered to remove activities with only a
few instances. The color schemes should also be intuitive, such as coloring winter
blue (cold color) and summer orange (warm color) or smoking black, which
instinctively guides the reader

Manually collected data from TADs was double checked by the researchers
as there were some non-obvious errors, e.g., smoking selected for a person who
designated that they do not smoke, which, in the end, sometimes showed that it
was a user error and other times that the person does indeed smoke but very
infrequently. As with any data set, these inconsistencies and all permutations can
be very time consuming to implement into the report generating code. A large
number of reports (and the associated data) also necessitates that there is a careful
process when deciding what functions to use, and how much time and processing
power will they use.

5. Conclusions

Data fusion and visualization was made on data obtained in personal
exposure campaigns performed in 7 European cities within the ICARUS project.
By using a diverse set of devices (wearable and static, commercially available and
custom-made) with different temporal and spatial resolutions, a significant
amount of data was obtained for each participant. Data fusion was performed by
using complex algorithms in order to provide a report to the >600 participants.
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Following these large-scale campaigns, several lessons were drawn and
recommendations for future studies were provided.

Using low-cost sensors to assess air quality on an individual level presented
some unique challenges, e.g., fusing data by rounding, duplicating and removing
certain parts of the timestamps, which allowed a uniform presentation on several
plots. Mostly simple modifications were enough to provide some clarity and
make data fusion more straightforward. Providing appropriate guidelines have
to be considered carefully to not confuse the participant or give false impressions
on otherwise non-harmful concentrations of pollutants.

Participants should receive an amount of data which does not overwhelm
them, but provides enough data for them to obtain as much meaningful
information as possible. While the SAT provided a large amount of data, the
decision to not visualize all of it and include it in the report was essential for
effective communication i.e. allowed the report to be more readable and
understandable. Apart from the number of visualizations, the appropriate kind
must also be carefully selected and curated. Our approach with relative values for
NO2, CO2 and TVOC provided enough data to clearly see some trends and react
to them, without providing unreliable absolute data values. On the other hand,
higher reliability and accuracy of PM concentrations and meteorological
parameters enabled us to provide absolute values. A clear option should be
included to observe trends between days, seasons and activities. These
visualizations must also reflect the results of collocations and validations made
prior to deploying these devices. Citizens must be made aware of the accuracy
(and shortcomings) of the device they are using and to what extent can they rely
on the results. A properly structured report will guide them through the report
itself and give them enough support to extract the most data they can.

A well-informed public can collaborate with and react to changes in their
environment, be it by influencing policy decisions or making changes to their
individual life styles. Using LCS provides a conduit for citizens to be empowered
by data that they can collect, observe and interpret. We, as researchers, must
provide the necessary tools and options for them and guide them through the
process. Change in policy can come from the top down or from the ground up. In
both cases, the citizens that are affected by these policy changes must be active
participants in designing and implementing these solutions.

Supplementary Materials: The following are available online at www.mdpi.com/xxx/s1 (SD-A:
Example of timestamp gaps in PPM dataset, SD-B: Example of dataset used for visualizations and
reports, SD-C: Example of entire report for participants)
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